The Serial Reaction Time Task (SRTT) is one of the most popular motor sequence learning paradigms. It is generally used to induce implicit learning of a repeated sequence without the participants' awareness. Besides, daytime offline consolidation of this implicit learning has been reported. Here, we were interested in the link between EEG resting-state alpha-band functional connectivity (FC) and implicit sequence learning and consolidation in healthy individuals. An implicit SRTT was administered to 39 participants, among which 11 also underwent EEG recording. For the latter, global FC was computed voxel-wise using imaginary coherence and correlated with performance in the task. Contrary to what was expected, neither online implicit motor learning nor offline consolidation of the sequence was found. Instead, a rapid and transient effect on response times appeared every time a repeated sequence was followed by random trials. We argue that this effect, commonly observed with the SRTT, is a form of motor adaptation rather than learning. A significant positive correlation was found between this adaptation and global FC of the basal ganglia during the resting-state period preceding the task in the low alpha frequency range (8-10 Hz). These findings suggest that resting-state alpha coherence between the basal ganglia and the rest of the brain can predict the amount of motor adaptation in a SRTT.
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Finally, I want to thank my family and close friends for their endless support and love during the past two years. Among the various paradigms used to study motor learning, a series of tasks focus on precision motor skills, for example the pursuit rotor task (Adams, 1952) or the mirror drawing task (Waters & Sheppard, 1952) , while others involve the learning of a repeated motor sequence, such as the serial reaction time task (SRTT; Nissen & Bullemer, 1987; Robertson, 2007) , the finger tapping task (Walker et al., 2002) , or the continuous tracking task (Wulf & Schmidt, 1997 ). An important distinction is made between implicit and explicit sequence learning tasks: the presence of a repeated sequence is either explicitly revealed to the participants or kept secret.
One of the most frequently used paradigms is the SRTT, and in particular its implicit version, which has been the basis for many aspects of current concepts of motor learning. In this paradigm, a repeated sequence is inserted between random blocks without the participants' knowledge. The sequence repetition is thought to induce implicit learning of the sequence, measured as the difference in response time (RT) between sequence and random trials (Chrobak et al., 2017; Deroost & Soetens, 2006; Martini et al., 2013; Nissen & Bullemer, 1987; Unsworth & Engle, 2005) . In addition, offline improvement of this implicit learning during a daytime interval has been observed (Brown et al., 2009; Cohen et al., 2005; Press et al., 2005; Robertson et al., 2004b; Sami et al., 2014) , suggesting that sleep is not necessary to consolidate implicitly learned motor skills.
The aim of the present study is to determine how implicit motor learning and its offline consolidation correlate with neuronal network activity in healthy participants. In order to replicate behavioral results of studies that found an offline consolidation of implicit sequence learning with the SRTT, we used the same experimental design and methodology as those studies (Brown et al., 2009; Cohen et al., 2005; Press et al., 2005; Robertson et al., 2004b; Sami et al., 2014 ).
Brain regions associated with motor learning
The basal ganglia (BG), a collection of closely interconnected subcortical nuclei, are thought to be especially important in motor learning and control. Composed of the caudate nucleus, the putamen, the nucleus accumbens (together forming the striatum), the globus pallidus, the substantia nigra, and the subthalamic nucleus, the BG widely communicate with the cortex and the thalamus through loop pathways (DeLong, 2013) . Three distinct pathways have been identified: the direct pathway increases thalamocortical activity, resulting in facilitated movement; the indirect pathway inhibits thalamocortical neurons, thus inhibiting movement; finally, the hyperdirect pathway inhibits movement with faster signal conduction, as it has fewer synapses than the direct and the indirect pathways, allowing to suppress impulsive responses or actions that are in process of execution (DeLong, 2013; Frank, 2006; Nambu et al., 2002) . The combined activity of those three pathways, modulated by dopaminergic neurotransmission, results in efficient action selection among potential actions and inhibition of inappropriate actions, suggesting that the BG act as a "centralized selection device" of the most appropriate action (Redgrave et al., 1999) . Another important function of the BG seems to be the control of temporal sequencing of movements, necessary for smoothness of movement, a function that is strongly affected in patients suffering from
Parkinson disease or Huntington disease (DeLong, 2013) .
The cerebellum is another brain structure known to be essential for motor learning.
Densely packed with neurons, the cerebellum is organized in distinct regions, each connected to specific parts of the cortex and brainstem, mainly within the motor system (Lisberger & Thach, 2013) . The role of the cerebellum has been established in domains where fine-tuned motor control and adjustments are required, for example in eye movements and eye stability, speech articulation, balance, or grip forces when handling objects (Lisberger & Thach, 2013; Manto et al., 2012) . The cerebellum has been extensively studied with error-based tasks that induce sensori-motor adaptation, such as eyeblink conditioning, vestibulo-ocular reflex adaptation, or prism adaptation (Taylor & Ivry, 2014) . The cerebellum supervises timing of movement as well as its spatial precision (Koziol et al., 2014; Manto et al., 2012) . Moreover, it contributes to automaticity of learned motor skills (Koziol et al., 2014) . It also coordinates movement and thought, to anticipate the result of a movement in terms of behavioral outcome and sensory feedback (Koziol et al., 2014) .
The main cortical region involved in motor learning is the motor cortex, an area of the frontal lobe formed by the primary motor cortex, the premotor cortex, and the supplementary motor area (SMA). The primary motor cortex is responsible to initiate voluntary movement and send motor commands to the spinal cord (Purves et al., 2004) . When a motor skill is learned through repetition, the primary motor cortex shows use-dependent plasticity (Krakauer & Mazzoni, 2011) . The premotor cortex communicates with many other cortical areas and serves a variety of functions, among which the selection, planning and execution of movements in response to internal intentions or external cues like verbal commands (Purves et al., 2004) . The SMA is thought to be involved in the execution of complex internally driven movements, in bilateral motor coordination, and in sequential motor learning (Hiroshima et al., 2014; Kuczynski & Kolakowsky-Hayner, 2011) . In a meta-analysis, Hardwick et al. (2013) have identified a consistent activation of the left dorsal premotor cortex and bilateral SMA across different motor learning paradigms.
Brain as a network
While every brain area has its proper functions, it is important to keep in mind that the brain is an interconnected network system. To describe the connections between brain areas, two different approaches can be used. The first one -structural connectivity -describes the anatomical connections formed by axonal fiber tracks (Lang et al., 2012) . This form of connectivity is rather stable, at least on short time scales. It is usually measured using the diffusion-weighted magnetic resonance imaging technique (Lang et al., 2012) . The second one -functional connectivity (FC) -refers to "the temporal dependency of neuronal activation patterns of anatomically separated regions" (Lang et al., 2012) and is a dynamic process. The most common technique to study FC is functional magnetic resonance imaging (fMRI).
However, more recently, FC has also been investigated using electroencephalography (EEG), a technique that offers advantages that will be described in the next section.
Electroencephalography (EEG)
EEG is a non-invasive technique that measures the electrical activity of large groups of neurons with the help of electrodes placed on the scalp surface. One of the main advantages of EEG is its high temporal resolution, in the order of milliseconds. On the other hand, its spatial resolution is poor. The electrical activity detected by EEG does not come from action potentials, too weak to be detected from the scalp, but from post-synaptic potentials, indicators of the likelihood for a neuron to fire an action potential. The ion exchange at the origin of a post-synaptic potential creates a dipolar field, detectable up to 20 cm from the source, hence measurable by scalp electrodes (Brandeis et al., 2009 ). The measured activity is thought to come mainly from pyramidal neurons in the cortex, because they are large and oriented parallel to each other, therefore their activity sums up and influences the EEG signal more than that of smaller, not parallel neurons (Brandeis et al., 2009) . It is important to note that EEG detects the synchronous activity of large groups of neurons, as the dipolar field of a single active neuron is way too weak to be detected.
The EEG signal does not provide information on the spatial location of the recorded activity. Indeed, for any given EEG signal, an infinity of solutions exists: this is known as the inverse problem. In order to solve it, we proceed in two steps. First, we compute the forward solution, which is a model of how the electrical signal would diffuse from the active neurons to the scalp, given a head model with the shape and conduction properties of its tissues.
Second, with additional mathematical constraints, the inverse solution is calculated and the source signal is localized.
Another advantage of EEG is that the signal can be analyzed in terms of its frequency components. Brain oscillations are classified into distinct frequency-bands, characteristic of specific brain states and activities: delta (0-4 Hz), theta (4-7 Hz), alpha (8-13 Hz), beta (13-30
Hz), and gamma (> 30 Hz). The boundaries between these categories are approximate, as they can vary among individuals, across lifespan, as well as in clinical populations.
Resting-state EEG and alpha-band FC
It is long known that human brain is not silent at rest. During wakefulness, when the eyes are closed and no particular task is performed, spontaneous EEG activity is observed, especially strong in the alpha-band frequencies. These alpha oscillations are synchronized across different brain regions; hence it is possible to infer that the regions in question communicate. FC can be estimated through coherence, a correlation measure that takes into consideration the phase angle between two signals (Srinivasan et al., 2007) . Thus, if coherence between two areas is high, the probability that they are interacting is high.
Moreover, the strength of resting-state FC correlates with behavioral performance in a variety of tasks involving motor skill learning (Wu et al., 2014) , working memory (Hampson et al., 2006) , visuospatial attention (Guggisberg et al., 2015; Rizk et al., 2013) , auditory detection (Sadaghiani et al., 2015) , verbal fluency (Dubovik et al., 2013; Guggisberg et al., 2015) , or audiovisual perception (Hipp et al., 2011) .
Two independent hypotheses are currently investigated to explain the influence of restingstate FC on behavior. First, network interactions preceding a task might influence neural processing during the task, and thus, determine the behavioral outcome in the task (Britz & Michel, 2010; Sadaghiani & Kleinschmidt, 2013) . Second, neural communication following learning might contribute to offline consolidation of the learned skill. Some fMRI studies have associated offline consolidation with increased FC during wakefulness of the brain region active during the task (Albert et al., 2009; Sami et al., 2014) . While neural processes measured with EEG during sleep have been found to predict the amount of memory consolidation (Gais et al., 2002; Huber et al., 2004; Robertson et al., 2004a; Diekelmann et al., 2009) , little is known about the relation between EEG FC and offline consolidation.
Research hypotheses
In order to investigate the link between resting-state alpha FC and implicit motor learning, two hypotheses are tested here. The first one is that the level of resting-state alpha FC, measured right before a SRTT is performed, can predict the amount of implicit motor sequence learning. The second is that the change in alpha FC occurring right after the task, measured within a long resting-state period, can predict the amount of offline consolidation of implicit motor sequence learning.
METHODS

Participants
A total of 48 healthy right-handed volunteers (22 males and 26 females, 30.3±10.2 (mean±SD) years old) participated in the study after signing informed consent. The Ethics
Committee of the Canton of Geneva approved the study. Nine participants were excluded from the data: seven of them showed a partial or total explicit awareness of the sequence, correctly recalling five or more consecutive elements, as assessed at the end of the experiment; one participant slept between the two experimental sessions despite the given instructions and had an unusable EEG recording due to a defective ground electrode; the last one performed the task much slower than the other participants (mean response time 5.5 SD above the general mean) and was exceptionally consistent throughout the experiment,
showing that he was not responding as fast as he could contrary to the other participants.
Task
A serial reaction time task (SRTT; Nissen and Bullemer, 1987; Robertson, 2007) was used to induce and assess implicit motor learning. In the task that we designed using the E-Prime 2.0 software (Psychology Software Tools, Pittsburgh, PA) (Schneider et al., 2012) , four grey squares (3×3 cm spaced by 1.5 cm) appeared horizontally over a black background on a computer screen placed 60 cm from the participants' eyes. For each trial one of the squares became orange, indicating that it was the target for the response. The trials were separated by a 500 ms interval. A Chronos box (Psychology Software Tools, Pittsburgh, PA;
https://pstnet.com/products/chronos/) with four horizontally arranged buttons was placed in front of the participants, who were instructed to keep their right hand on it (index to little finger on the four buttons) and to press the button corresponding to the target square as fast as they could without making errors. In case of error, the target square remained orange until the correct button was pressed. The targets were either presented in a random order, or following a pattern that was repeated several times in a row (sequence).
Experimental design and behavioral measurements
The experiment (see fig. 1 ) consisted of two sessions administered the same day. Session 1 (between 9AM and 10AM) was composed of three blocks. Each block -Pretest, Training, and Posttest -contained random items followed by the repeated sequence and random items again. The participants could take a short break between the blocks. Session 2 (between 5:30PM and 6:30PM) contained only one Retest block. In the 8-hour interval that separated the two sessions, the participants were not allowed to sleep. Random and sequence parts were created as previously described (Brown et al., 2009; Cohen et al., 2005; Press et al., 2005; Robertson et al., 2004b; Sami et al., 2014) . The following 12-item sequence was used in the experiment: 2-3-1-4-3-2-4-1-3-4-2-1 (the four squares are numbered left to right). The random parts followed these rules: the four targets appeared an equal number of times; a target could not be repeated twice in a row; no segment of four or more consecutive elements of the sequence could be used; and all random parts were different from each other but did not differ from one participant to the other.
Response time (RT) was measured from the moment the colored target appeared on the screen to the moment the correct button was pressed. For each participant, all RTs ≥ 3 SD above the mean were excluded from the data. Implicit sequence learning (Skill) was calculated in each block by taking the difference between the mean RT in the last 36 sequence trials and the first 36 following random trials. The purpose of Skill0 (Pretest) is to give a prelearning baseline, of Skill1 (Posttest) to measure the amount of implicit learning at the end of session 1, and of Skill2 (Retest) to measure offline consolidation of implicit learning. SkillTr (Training) is an additional indicator of the amount of learning at the end of the training (although it was not designed as a test block).
To make sure that participants performed the implicit version of the SRTT, we used a questionnaire assessing explicit awareness of the sequence at the end of session 2. The participants were asked whether they noticed a repeated sequence during the experiment, and if so, to try writing it using the numbers 1 to 4 corresponding to the four buttons. They were also asked to report all the blocks where they noticed the sequence. Participants who correctly recalled five or more consecutive elements of the sequence were excluded from the study, as they probably performed an explicit SRTT. The participants who recalled less than five consecutive elements were considered not aware of the sequence.
To make sure the task as we designed it induced learning and offline consolidation as expected, we conducted several different versions of the experiment. In each version, different parameters were used with the aim of obtaining an optimal setup for implicit sequence learning and offline consolidation. A total of five versions of the experiment were created and administered. Each participant was included in one version only, since the repeated sequence was the same in all versions. Table 1 summarizes the differences between the five experimental versions.
Version 1
For the first experimental group, the three test blocks (Pretest, Posttest, and Retest) were composed of 50 random trials followed by 180 sequence trials and 50 random trials, exactly like in the studies from which the design was borrowed (Brown et al., 2009; Cohen et al., 2005; Press et al., 2005; Robertson et al., 2004b; Sami et al., 2014) . The five participants of this group (four females, 30.6±2.4 years old) performed the task without EEG recording. One participant was excluded from the data for correctly recalling the entire sequence at the end of session 2.
Version 2
In the second version, the number of trials in the test blocks was adjusted in order to decrease the amount of learning during Pretest. The test blocks had the following structure: 60 random trials, 90 sequence trials, 60 random trials. The six participants of this group (four females, 31±10.6 years old) performed the task without EEG recording. One participant was excluded from the data for correctly recalling the entire sequence at the end of session 2.
Version 3
The number of sequence trials in the test blocks was reduced even more in the third version, down to 60 random trials, 60 sequence trials, and 60 random trials. Furthermore, in order to decrease the error percentage to levels described in the literature (reported error < 1-2%) (Sami et al., 2014) , the participants were instructed to concentrate on making as few errors as possible. The seven participants of this group (three females, 41.9±19.1 years old)
performed the task without EEG recording.
Version 4
The sixteen participants of the fourth experimental group (seven females, 28±4.8 years old) performed the task with EEG recording. The task was preceded by 10 min of resting-state and followed by 30 min of resting-state, during which the participants were asked to close their eyes and relax, but without falling asleep.
The structure of the test blocks and the instructions were the same as in version 3. In addition, the participants in this group received a feedback regarding their error percentage after Pretest (positive feedback if < 2% of error) and a 10 CHF bonus at the end of the second session if the error percentage was lower than 2% for the entire experiment. Five participants were excluded from the data: one for sleeping between the two sessions and because of a bad EEG signal, one because his RTs were too high (5.5 SD above the general mean), and the other three for correctly recalling a part of the sequence (5-8 consecutive elements).
Version 5
In order to minimize structural differences between random and sequence parts, in this version all random parts were organized in segments of four items where each digit was used once (ex: 4213, 3214, 1234, etc.) similarly to the sequence (2314-3241-3421). The random parts followed additional rules: the three four-digit permutations present in the sequence were not used, each of the other existing four-digit permutations was used one or two times, consecutive repetitions of one digit (ex: 22), two digits (ex: 2424), and three digits (ex: 243243) were not allowed.
The structure of the blocks, the instructions and the feedback were the same as in version 4, except there was no 10 CHF bonus for low error percentages because the experiment was much shorter, so it would have doubled the amount of money the participants received. The fourteen participants of the fifth version (eight females, 26.6±6.6 years old) performed the task without EEG. Two participants were excluded from the data for correctly recalling a part of the sequence (5-6 consecutive elements). 
EEG recording
In version 4 of the experiment, EEG was recorded with a 128-channel Biosemi ActiveTwo EEG system (Biosemi B.V., Amsterdam, Netherlands). EEG data were acquired at a sampling rate of 512 Hz during the resting-state preceding the task (RS1) and the one following the task (RS2), and at a sampling rate of 1024 Hz during the task. For the purpose of this thesis, only the data from the two resting-state periods were analyzed. To allow comparisons between RS1 and RS2, the 30 min of RS2 were subdivided before analysis into three 10 min slices (RS2a, RS2b, and RS2c). Session 2 of the experiment was performed without EEG recording. The Cartool software by Denis Brunet (cartoolcommunity.unige.ch) was used to eliminate artifacts from the EEG data: electrode artifacts, eye or head movements, muscle contractions, and any other signal suspected to come from an external source were eliminated by visual inspection. Channels that presented artifacts throughout the recording were completely removed from the data analysis. Artifact-free EEG data were divided into segments of 1 s.
Within each 10 min resting-state section, the best 5 min were selected by keeping the 1 s segments that contained the highest ratio of power around alpha frequencies (6-14 Hz) over power in all frequencies (0-60 Hz). The data were then bandpass-filtered between 1 and 20
Hz.
Source signal reconstruction
All the steps of the source signal reconstruction (except the brain segmentation), as well as functional connectivity measures and statistical tests, were performed in the MATLAB environment (R2012a, The MathWorks, Inc., Natick, MA).
Forward solution
To estimate the forward solution, a realistic head model was created using the boundary element method (BEM), a method used to model how activity in a given dipole would project to the surface of the scalp in a three-dimensional space, by considering conductive properties of the scalp, skull, and brain (Oostendorp et al., 2000) as being homogeneous. In order to
obtain the most precise solution for each individual, T1-weighted magnetic resonance imaging (MRI) scans were acquired with a 3T Siemens Trio TIM scanner (Siemens Medical Solutions, Erlangen, Germany). The scalp, skull, and brain were segmented using the BrainSuite14c software (brainsuite.org) (Kazemi and Noorizadeh, 2014) . In addition, a mask of grey matter was defined. The 128 electrodes were aligned to the individual head models.
The BEM model was generated with the open source MATLAB toolbox NUTMEG (http://www.nitrc.org/plugins/mwiki/index.php/nutmeg:MainPage) using the Helsinki BEM library (http://peili.hut.fi/BEM/) (Stenroos et al., 2007) and the lead field potential was obtained for grey matter solution points with 10 mm grid spacing.
Inverse solution
The inverse solution was calculated by applying an adaptive spatial filter, the scalar minimum-variance beamformer (Jonmohamadi et al., 2014; Sekihara et al., 2004) . Unlike other methods for inverse solution, the beamformer filters some components of the signal that it considers as coming from external sources rather than from brain activity, thus adding one more artifact-cleaning step to the process. After that, it chooses one solution among an infinity of solutions by minimizing the variance. Dipole orientations were determined by synthetic-aperture magnetometry (SAM; Robinson & Vrba, 1998) which maximizes variance, thus choosing the orientation that gives maximal signal-to-noise ratio at each solution point.
The signal was reconstructed at the voxel level (~ 1000 voxels) for each individual.
Functional connectivity measures
To assess functional connectivity (FC), the absolute imaginary part of coherency (IC; Nolte et al., 2004) was calculated between all possible pairs of voxels using the NUTMEG Functional Connectivity Mapping (FCM) toolbox . The advantage of IC is that it ignores zero-phase-lag coherence: if two waves are perfectly in phase, the IC will be equal to 0. Therefore, by using IC we avoid the spurious coherence due to volume conduction or spatial leakage of the inverse solution algorithms . IC was calculated for low alpha (8-10 Hz) and high alpha (11-12 Hz) bands. A discrete Fourier transform was performed on Hann-tapered 1 s windows and IC was computed for every possible voxel pair. Global FC of each voxel was defined as its average IC with all other voxels in the brain. Given that differences in IC values between participants can be due to signal-to-noise ratio differences during EEG recordings, z-scores were calculated based on individual global FC distributions across voxels (Dubovik et al., 2012) and used for all subsequent analyses. Bonferroni correction was applied for testing two frequency bands (low and high alpha).
SnPM cluster correction (Singh et al., 2003) was applied for voxel-wise tests of FC effects outside the left motor cortex (i.e. outside our predetermined ROI).
Correlation between behavioral variables and FC
Voxel-wise correlations were calculated between FC values and behavioral variables using SnPM (Nichols & Holmes, 2002 ). Pearson's correlation (given normally distributed FC values) was computed between the mean FC of the voxels forming the predefined ROI and the behavioral variables, to evaluate the significance of the correlation coefficient.
Bonferroni correction was applied for testing two frequency bands. SnPM cluster correction was applied for voxels outside the left motor cortex.
RESULTS
Behavioral results
In general, in all five experimental versions, there was a significant RT difference between sequence and random trials (see below and figure 8 in the appendix). However, when analyzing differences in Skills between blocks, we noted an absence of the two expected effects: online implicit sequence learning (Skill1-Skill0) and offline consolidation of implicit sequence learning (Skill2-Skill1). By comparing the different experimental versions, we investigated possible reasons for this lack of effect.
Effect of the number of sequence repetitions on Skills
From the first experimental version, it was striking to note that Skill0 -supposedly a baseline -was much higher than zero. A seemingly plausible reason for that was that the sequence was already learned in the Pretest block where it was repeated 15 times (180 sequence trials). By reducing the number of repetitions of the sequence in the test blocks from 180 trials to 90 and then to 60 trials, we wanted to contain sequence learning within the Training block. In this manner, we aimed at obtaining a Skill0 around zero, i.e. no difference in RT between random and sequence trials. 
Effect of random parts structure on Skills
A possible cause for the RT difference after only five sequence repetitions is the structure of the sequence itself, possibly easier to perform than random parts, which could explain shorter RTs in the sequence as compared to random trials. This particular sequence was chosen for our study in order to remain comparable with the majority of previous trials with the SRTT. However, a particular pattern can be noticed in this sequence: its 12 items can be divided into three segments of four where each digit is used once.
-3241 -3421
To test the hypothesis of a lower difficulty with this pattern, in the fifth experimental version, the random parts were modified to follow the same pattern as the sequence. This way, the overall structure of the task was homogenized, and the only difference between random and sequence lay in the absence of repetitions in the random parts. In this version, the difference between sequence and random trials during the Pretest block (Skill0) still tended to be different from 0 (t 11 = 2.04, p = 0.07) and Skill0 was not significantly lower than in the other versions (ANOVA, F (4, 34) = 0.85, p = 0.5). Moreover, like in the other versions, there was no significant difference between the four Skills (ANOVA, F (3, 33) = 0.29, p = 0.84), meaning that even when the structure of random and sequence parts was homogenized, there was still no online learning or offline consolidation of the sequence.
Effect of instructions and reward on error percentage and mean RT
Error percentage is another parameter that might influence RT and Skills. Indeed, if many errors occur, the sequence is correctly produced fewer times, potentially resulting in weaker sequence learning. To reduce response error to percentages described in the literature (reported error < 1-2%) (Sami et al., 2014) , some adjustments were made from one version to another: the instructions given to the participants were modified (emphasis on making few errors), a feedback was given after Pretest (positive feedback if error < 2%), and monetary reward was added (10 CHF bonus if error < 2%). Table 2 : Mean error percentages throughout the experiment across subjects in each modality. Instructions A: "Answer as fast as you can without making too many errors"; Instructions B: "Concentrate on making as few errors as possible"; Feedback after Pretest: positive if error < 2%, negative if error ≥ 2%; Reward: 10 CHF bonus at the end of the experiment if overall error < 2%.
Implicit sequence learning and its offline consolidation
As we have seen, the adjustments made between the experimental versions have not lead to the learning and consolidation effects we expected with the SRTT. Despite the differences in block length, instructions, feedback, reward, and random part structure between the five versions, they all seem to lead to the same pattern of result. In fact, there are no significant differences between the five experimental versions for Skill0 (ANOVA, F (4, 34) = 0.85, p = 0.5), Skill1 (ANOVA, F (4, 34) = 0.58, p = 0.68), and Skill2 (ANOVA, F (4, 34) = 1.46, p = 0.24).
Only in the Training block, the Skill is lower for version five as compared to the other versions (ANOVA, F (4, 34) = 3.24, p = 0.02). Since the results are very similar in all the versions, the five groups were assembled and analyzed together in order to confirm the effects observed in each version separately, but with a larger sample size.
The mean RTs of the random and sequence trials in each block are presented in figure 4 .
In all four blocks, random trials following the repeated sequence presented greater RTs on average (blue line above red line). In addition, there seems to be a general RT decrease in both random and sequence trials. Figure 5 shows the RT differences between random and sequence (Skills) in each block.
All four Skills are significantly higher than zero, including the baseline Skill0 (t 38 = 4.57, p < 0.001 for Skill0; t 38 = 7.87, p < 0.001 for SkillTr; t 38 = 4.9, p < 0.001 for Skill1; t 38 = 4.79, p < 0.001). There is no significant difference between Skill0 and Skill1 (t 38 = 0.21, p = 0.83) or between Skill1 and Skill2 (t 38 = -0.57, p = 0.57), indicating that the participants showed neither online improvement in Skill from Pretest to Posttest nor offline consolidation of Skill from Posttest to Retest. This confirms the results that were observed in each group individually. 3.1.5 Non-specific improvement
As mentioned previously, the general RT curve ( fig. 4) seems to indicate an unspecific RT improvement in the task. To explore a possible sequence-independent learning in the SRTT, along with an offline consolidation of this learning from morning to evening, the mean RTs of the test blocks were compared ( fig. 6 ). While the RT decrease is not significant from Pretest to Posttest (t 38 = 1.25, p = 0.22), it is significant from Posttest to Retest (t 38 = 2.94, p = 0.006). This result suggests that a nonspecific improvement at the task occurs in the 8-hour interval between the two sessions.
3.2 Correlation between functional connectivity and adaptation to the sequence Neither online sequence learning (Skill1-Skill0) nor offline consolidation of the sequence learning (Skill2-Skill1) was significant, but a quick adaptation to the sequence took place from the first block of the experiment, consistently throughout the four blocks, as shown by the significant Skills. This effect was highest in the Training block (SkillTr). Thus, for participants who performed the task with EEG recording, we examined the correlation between SkillTr and global FC at each voxel. In the left motor cortex, no significant correlation appeared between SkillTr and global alpha-band FC. However, the FC between a brain region centered on the left basal ganglia and the rest of the brain during RS1 in low alpha frequencies (8-10 Hz) was significantly correlated with SkillTr ( fig. 7 ).
Figure 7:
Region with significant correlation between FC during RS1 and SkillTr in low alpha frequencies (8-10 Hz), SnPM cluster correction; significant positive correlation in the left putamen (r=0.89, p<0.001), insula (r=0.9, p<0.001), and frontal inferior opercular cortex (r=0.73, p=0.01), all regions identified using the AAL atlas (n=11).
Pearson correlation (r)
The brain area in question was not a ROI from our initial hypothesis. Therefore, an SnPM cluster correction was applied, showing that the cluster of voxels with a significant correlation was large enough not to exist by chance (with a p-value < 0.05). After Bonferroni correction for testing the two alpha frequency bands, the brain areas showing a significant positive correlation are the left putamen (r = 0.89, p < 0.001), insula (r = 0.9, p < 0.001), and frontal inferior opercular cortex (r = 0.73, p = 0.01). These results indicate that the participants with the highest resting-state FC levels between the mentioned brain areas and the rest of the cortex before the task were the ones who had the greatest RT difference between random and sequence trials during the Training block.
In order to determine if the correlation between global FC at the ROI (left putamen, insula, and frontal inferior opercular cortex) and motor adaptation was driven by interaction with a particular brain region, we investigated seed-based connectivity of the ROI. In particular, we were interested in the FC between the ROI and the left primary motor cortex as a predictor of motor adaptation, but there was no correlation with SkillTr (r = -0.03, p = 0.92).
When examining the seed-based correlation map, no specific region stood out significantly after cluster correction. It appears that FC of the ROI with various regions explains the correlation, with a stronger correlation in the left SMA (r = 0.59, p = 0.06, uncorrected), the right putamen (r = 0.7, p = 0.02, uncorrected), and the right insula (r = 0.59, p = 0.06, uncorrected).
To evaluate if performing the SRTT modified FC in the ROI, we compared RS1 and RS2a for low alpha FC and found no significant difference in the left putamen, insula, and frontal inferior opercular cortex. Thus, performing the SRTT did not significantly modify FC in any of these three brain regions in our participants.
DISCUSSION
The SRTT: implicit sequence learning?
The SRTT has been widely used as an implicit motor learning paradigm. While different variants of the task exist (implicit vs. explicit, deterministic vs. probabilistic, unimanual vs. bimanual), everybody seems to agree on the fact that, in the implicit variants, the SRTT produces implicit motor sequence learning. However, doubts can be expressed regarding the validity of this assumption. In particular, we will discuss the notion of learning and the implicit nature of the effects observed in the SRTT, in the light of the present results and other published results.
Definition of learning
Many definitions of learning have been proposed (De Houwer et al., 2013; Gagne, 1977; Lachman, 1997; Mayer, 1982; Schunk, 2011) . Here is, for example, a very complete definition that can apply to any living species:
"Learning is the process by which a relatively stable modification in stimulus-response relations is developed as a consequence of functional environmental interaction via the senses." (Lachman, 1997) While there is still no consensus on a single definition, and processes involved in learning are still debated, three elements seem to be present in every definition: learning produces a change; there is a long-term persistence of that change; and it is a consequence of interaction with the environment.
In the case of the SRTT, a decrease in RT is observed when a motor sequence is repeated.
Furthermore, when that sequence stops (random trials begin), an increase in RT is consistently observed, indicating that the previous RT decrease is specific to the sequence. It is clear that the observed change is a consequence of a visuo-motor interaction with the environment, precisely with the computer screen and the response box. What is less clear is the long-term nature of that change. Indeed, many studies use experimental designs that lack a baseline and do not assess the stability in time of the sequence knowledge: the experiment is organized such as long sequence blocks are followed by random blocks, sometimes followed again by long sequence blocks (Chrobak et al., 2017; Deroost & Soetens, 2006; Martini et al., 2013; Nissen & Bullemer, 1987; Unsworth & Engle, 2005) . In these cases, if an immediate effect is consistently observed (RT difference between sequence and random blocks), the encoding of the sequence in memory is not tested, as there is no distinction between training (long sequence block with multiple repetitions) and testing (short sequence blocks with few repetitions). On the other hand, in most studies that separated training and testing with a pretraining baseline test and a post-training test (Brown et al., 2009; Press et al., 2005; Robertson et al., 2004b; Sami et al., 2014) , results are similar to those found in our data: the RT rebound is already present in the Pretest baseline (Skill0), is higher or stable in the Training (SkillTr), and back to the baseline level in the Posttest (Skill1). Therefore, we observe a very quick sequence-specific RT change in Pretest, an improvement during Training, but an absence of long-term retaining illustrated by the drop back to baseline level at Posttest. In other words, there is no online improvement in Skill across session 1 of the experiment. The authors of the cited papers interpret the RT difference at Posttest (Skill1) as learning, without considering the levels at Pretest and Training. However, it seems like the observed effect does not qualify as learning, as it does not satisfy the long-term criterion for change, present in most definitions of learning.
By contrast, in the explicit versions of the task, i.e. when the participants are told at the beginning that there will be a repeated sequence, the RT difference between sequence and random grows during Training (SkillTr > Skill0) and persists at Posttest (Skill1 > Skill0), indicating real learning (Sami et al., 2014) .
Motor adaptation
In the implicit versions of the SRTT, if the RT rebound effect after a repeated sequence can hardly be referred to as learning, it is nonetheless existent, as it is consistently found across the literature. Rather than real learning, there seems to be a very quick and unconscious adaptation to the sequence, from the Pretest block where the sequence is repeated only five times, and through the entire experiment. Moreover, at least in our experiment, this adaptation is proportional to the number of sequence repetitions, in view of the positive correlation between the number of sequence repetitions and the magnitude of Skill. Hence, longer exposure to the sequence produced proportionally larger gains in RT, although they remained transient and disappeared after the next random block. This can explain the higher Skill found during training in some studies (Brown et al., 2009; Sami et al., 2014) .
Part of the RT differences between sequence and random reported in the literature and found in our study may have been due to specific characteristics of the sequence, which differ with regards to the characteristics of random trials in terms of target distribution across the four fingers. However, we demonstrate here (in version 5 of the experiment) that even when these characteristics are matched, a rapid though transient adaptation of RTs occurs.
Evidence suggests that the brain rapidly detects statistical regularities in the environment in different modalities (Barlow, 2001; Cecchetto & Lawson, 2017; Garrido et al., 2013; Tervaniemi et al., 1994) . In addition, this happens implicitly and automatically, even when a high cognitive load is imposed upon the participants (Garrido et al., 2016; Lv et al., 2010) . In the SRTT, the motor regularity seems to be detected after only a few sequence repetitions, resulting in RT decrease. When the sequence stops and unexpected items (i.e. random) appear, the motor response is slowed down, resulting in RT increase. The motor sequence, however, does not seem to be encoded in memory, at least not with the amount of training used in our experimental design. Therefore, the RT difference between sequence and random (Skills) observed in our data will be referred to as adaptation to the motor sequence.
Offline consolidation
An offline improvement of the adaptation to the sequence has been previously found, in the absence of sleep, such that the RT difference between sequence and random trials was larger in the evening session than at the end of the morning session (Skill2 > Skill1) (Brown et al., 2009; Cohen et al., 2005; Press et al., 2005; Robertson et al., 2004b; Sami et al., 2014) .
The explicit version of the task generates contradictory results, with either an even stronger consolidation (Sami et al., 2014) or no consolidation at all in the absence of sleep (Robertson et al., 2004b) . Despite the effort put into reproducing the experimental design used in those studies, we were unable to replicate the offline consolidation of implicit sequence adaptation.
In other studies, results are similar to ours, where the authors have found no sequencespecific offline consolidation but an offline consolidation of the general motor skill (RT decrease in both sequence and random items) (Meier & Cock, 2014; Nemeth et al., 2010; Nemeth & Janaczek, 2011) . It is then unclear if explicit and implicit components of the SRTT consolidate differently, and why results regarding sequence-specific consolidation are contradictory. Moreover, in the absence of online sequence-specific performance improvement through the course of session 1, it is difficult to explain how and what exactly can be consolidated from session 1 to session 2.
Implicit nature of the task
The interest of this study being the implicit components of motor learning, we excluded the data of the participants who noticed the presence of a repeated sequence. The level of explicit awareness was assessed by a questionnaire asking the participants if they noticed a repeated sequence and, if so, to try writing it down using the numbers 1 to 4. The participants who correctly recalled five or more consecutive elements of the sequence were excluded from the data. The same cutoff was used in other SRTT studies with a 12-item sequence (Brown et al., 2009; Press et al., 2005; Robertson et al., 2004b; Sami et al., 2014) , based on a mean guessing performance of 4.6 correct elements, obtained when asking participants who did the task without a sequence to guess and generate a 12-item sequence (Willingham & GoedertEschmann, 1999) . Although this seems like a reasonable criterion to identify participants who became aware of the sequence, it can be problematic because the remaining participants potentially form a heterogeneous group including: first, those who reported not being aware of a repeating sequence at all during the experiment; second, the participants who responded that they felt something was repeating during the task but could not recall it explicitly; third, those who said they had noticed a sequence at some point during the experiment but forgot it by the end of session 2; finally, participants who correctly recalled four consecutive elements, either by chance or because they explicitly identified and remembered those four elements only, and not the other eight elements of the sequence. All these cases could potentially generate quite different outputs in terms of RTs in the sequence items and consequently in the random items.
As it has been pointed out previously (Shanks & St John, 1994; Wilkinson & Jahanshani, 2007) , it is not possible to know if what the participants report at the end of the experiment corresponds to what they actually perceived during the experiment or if their memories fade.
Thus, we cannot be sure that we compare participants who were all at the same level of awareness of the sequence while performing the task.
To add more confusion to the literature on the SRTT, in some studies participants who became aware of the sequence were not separated from those who did not (Martini et al., 2013; Nissen & Bullemer, 1987; Willingham & Goedert-Eschmann, 1999 ).
Conclusions on the implicit version of the SRTT
Together, these results suggest that the SRTT is not an ideal implicit motor sequence learning paradigm, given the quick and temporary adaptation effect it produces, the possible confounds between implicit, partially explicit and totally explicit conditions, and the difficulty to confidently evaluate the participants' awareness of the repeated sequence. While procedural learning can certainly have implicit components, whether a sequence can be implicitly learned remains unclear. In fact, some authors question the very existence of implicit learning and argue that implicit versions of the SRTT actually measure and describe explicit components (Moisello et al., 2009; Shanks & Johnstone, 1999; Shanks & St John, 1994; Wilkinson & Shanks, 2004) .
4.2 Neural correlates of motor adaptation to the sequence 4.2.1 Baseline resting-state functional connectivity predicts adaptation FC was measured in a 10 min resting-state period before the participants were given any information about the task. This baseline connectivity was positively correlated with motor adaptation to the sequence in the Training in low alpha frequencies in a brain region that includes the left putamen, insula, and frontal inferior opercular cortex. This means that the participants with higher FC between these regions and the rest of the brain showed stronger adaptation to the sequence during Training.
Basal ganglia and motor adaptation in the SRTT
During implicit SRTT, increased activity has been recorded in the striatal region, in particular in the putamen and caudate nucleus, in fMRI (Schendan et al., 2003; Willingham et al., 2002) and functional PET studies (Hazeltine et al., 1997; Peigneux et al., 2000) . Indirect evidence for the role of the basal ganglia (BG) in the implicit SRTT can also be found in studies involving patients with BG dysfunctions, such as in Parkinson disease (PD).
Performance in the SRTT has been shown to be impaired in PD patients as compared to controls (Jackson et al., 1995; Kelly et al., 2004; Pascual-Leone et al., 1993; Sommer et al., 1999; Wilkinson & Jahanshahi, 2007) . While controls show significant RT increase in random trials following a repeated sequence, it is not the case in PD patients, suggesting that BG, in particular the striatum, play an important role in motor adaptation in the SRTT.
Moreover, PD patients with a therapeutic lesion of the globus pallidus showed a RT decrease in random trials following the sequence, as opposed to controls (significant RT increase) and unoperated PD patients (non-significant RT increase) (Brown et al., 2003) , adding more evidence for the implication of the BG in the SRTT.
Our findings complement the existing literature by demonstrating an involvement of the BG in network interactions with the cortex. These interactions seem to be important for the adaptation effect observed in the implicit SRTT. In addition, the seed-based connectivity analysis indicates that adaptation is predicted by widespread interactions throughout the whole cortex rather than with a specific region.
The ability of EEG to reconstruct activity from deeper sources such as the BG is controversial. Given the good match between our findings and existing literature from other imaging modalities, we give some credibility to these findings. Yet, EEG has limited spatial resolution and other parts of the BG may be involved as well (Attal et al., 2012) .
Perspectives for future research
Considering the lack of evidence for real motor sequence learning with the implicit SRTT and the uncertainty associated with implicit learning in general, an explicit motor sequence learning task seems like a more appropriate choice. Several options exist, among which the explicit SRTT or the finger tapping task, as both seem to be clearly associated with significant online and offline improvement (Hotermans et al., 2006; Maier et al., 2017; Sami et al., 2014; Willingham et al., 1999) . The role of the motor cortex could then be investigated, specifically how its connectivity with the rest of the cortex correlates with motor learning and consolidation.
Regarding the implicit SRTT, further research exploring motor adaptation to the sequence would help understand the mechanisms behind this effect. For instance, we could systematically vary the number of sequence repetitions to determine the minimal number of repeated sequences necessary to induce an RT rebound in subsequent random trials. We could also change the length or the structure of the sequence itself to see how it would affect the amount of adaptation.
CONCLUSION
The lack of implicit motor sequence learning and consolidation has been at the same time the main problem and the main interest of this study. We have provided evidence against the validity of the SRTT as an implicit motor sequence learning paradigm. Hence, it raises questions about the literature that uses this task assuming that the measured effects reflect implicit learning.
Our findings suggest that the quick and transient RT changes (that we named adaptation in this work) observed with the SRTT depend on widespread neural interactions between the basal ganglia and the cortex. These interactions, measured through resting-state alpha-band functional connectivity before the task, appear as a predictor of the behavioral outcome at the task, supporting our first research hypothesis, even if it concerns adaptation rather than real motor sequence learning.
